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(57) ABSTRACT

Signal processing devices and methods estimate transforms
between signals using a least squares technique. From a seed
set of transform candidates, a direct least squares method
applies a seed transform candidate to a reference signal and
then measures correlation between the transformed reference
signal and a suspect signal. For each candidate, update coor-
dinates of reference signal features are identified in the sus-
pect signal and provided as input to a least squares method to
compute an update to the transform candidate. The method
iterates so long as the update of the transform provides a
better correlation. At the end of the process, the method
identifies a transform or set of top transforms based on a
further analysis of correlation, as well as other results.

32 Claims, 12 Drawing Sheets
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1
SIGNAL PROCESSORS AND METHODS FOR
ESTIMATING TRANSFORMATIONS
BETWEEN SIGNALS WITH LEAST SQUARES

RELATED APPLICATION DATA

This application claims benefit of 61/380,180 filed Sep. 3,
2010.

TECHNICAL FIELD

The invention relates to signal processing, and specifically
signal processing for determining transformations between
signals, for use in signal detection, identification, signal
matching and recognition applications, among others.

BACKGROUND AND SUMMARY

There are a wide variety of signal processing applications
in which the affine transformation between a suspect signal
and a reference signal need to be computed accurately and
efficiently. This is particularly the case for signal detection
and recognition applications for images, and it applies to
other types of signals as well. In the case of signal detection
and signal recognition, the objective for the computing device
is to determine whether a particular reference signal is present
in a suspect signal. This objective is more difficult when the
reference signal is present, yet is distorted by a transform of
the coordinate space. In image processing, such transforma-
tions are caused by manipulation of the reference signal
through image editing (magnification, shrinking, rotation,
digital sampling (and re-sampling), format conversions, etc.).
When the reference images or the objects they represent are
captured via a camera from a different reference point relative
to their original state, the result is a suspect image, which
contains the reference signal, yet in a transformed state.
Unless there is a means to determine and compensate for the
affine transformation of the reference signal, it is more diffi-
cult to accurately detect, recognize or match the reference
signal with its counterpart in the suspect image.

This signal processing problem is important to a variety of
fields. Some examples include machine vision, medical
imagery analysis, object and signal recognition, biometric
signal analysis and matching (e.g., facial, voice, iris/retinal,
fingerprint matching), surveillance applications, etc. In these
applications, the objective may be to detect or match an input
suspect signal with one particular reference signal, or match
it with many different reference signals (such as in database
searching in which a query includes a suspect signal (a probe
or template) that is matched against a reference database of
signals). Various types of images and sounds can be identified
using signal recognition and detection techniques. These
include recognition based on signal attributes that are an
inherent in signals, as well as recognition based on signals
particularly embedded in another signal to provide an auxil-
iary data carrying capacity, as in the case of machine readable
codes like bar codes and digital watermarks.

In recent years, computing devices are becoming increas-
ingly equipped with sensors of various kinds, including
image and audio sensors. To give these devices the ability to
interact with the world around them, they need to be able to
recognize and identify signals that they capture through the
sensors.

The advances of electronics have extended these advanced
sensory functions beyond special purpose devices like
machine vision equipment, surveillance and exploration
equipment, and medical imaging tools, to consumer electron-
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2

ics devices, like personal computers and mobile telephone
handsets. The signals captured in these devices are often
distorted by transformations. If these transformations can be
approximated by affine transformations or at least locally
affine transformations, then it may be possible to determine
the affine transformation (including local affine transform in
a portion of the signal) that most closely matches the suspect
with a reference signal.

The affine transformation that aligns a reference signal
with its counterpart in a suspect signal can be expressed as
y=Ax+b, where x and y are vectors representing the reference
and transformed version of the reference signal, A is a linear
transform matrix, and b is translation. The affine transforma-
tion generally comprises a linear transformation (rotation,
scaling or shear) and translation (i.e. shift). The linear trans-
formation matrix, for two dimensional signals, is a two by two
matrix (2x2) of parameters that define rotation, scale and
shear. The translation component is a two by one (2x1) matrix
of'parameters that define the horizontal and vertical shift. The
translation is related to the phase shift as described in more
detail below. Thus, the process of aligning two signals can
include both approximations of the linear transform as well as
the translation. The linear transform is sometimes approxi-
mated by determining signal correlation operations, which
often employ Fourier transforms and inverse Fourier trans-
forms. The translation component is approximated by deter-
mining phase shift (e.g., using signal correlation) in a Fourier
representation.

When signal transforms are computed in digital computing
environments of general purpose processing units or special
purpose digital logic circuits, a number of challenges arise.
Some of these challenges include the errors caused by repre-
senting signals in discrete digital logic. Not only is quantiza-
tion error introduced as analog signals are sampled through
sensors, but also as these signals are re-sampled when trans-
formed into different coordinate spaces (e.g., Fourier and
inverse Fourier transforms). Additional errors are introduced
in the precision or limits on precision of the circuitry used to
store the discrete values of the signal and associated trans-
form parameters. Another challenge is that signal recognition
and signal alignment typically involves transforms and
inverse transforms, which in addition to introducing errors,
are computationally expensive to implement in hardware,
require additional memory, and introduce memory band-
width constraints as the need for read/write operations to
memory increases as each value in the discrete signal is
transformed, re-sampled, or approximated from neighboring
sample values.

In view of these challenges, there is a need for methods to
determine transforms between signals that are accurate, yet
efficient to implement in digital computing environments.
This includes more effective ways to estimate linear trans-
forms as well as determining translation or phase shift.

One aspect of the invention is a method of computing a
transformation between a discrete reference signal with a
suspect signal using a direct least squares technique. The
method provides a set of feature locations representing the
discrete reference signal, and provides a seed set of initial
transform parameters. The feature locations and transform
parameters are represented as digital, electronic signals in an
electronic memory. Using the seed set, the method computes
a least squares minimization that finds linear transform can-
didates that minimize error when the linear transforms are
used to align the feature locations of the discrete reference
signal and corresponding feature locations in the suspect
signal. This includes computing a measure of correlation
corresponding to the linear transform candidates. The method



US 9,182,778 B2

3

evaluates the linear transform candidates for each of the seeds
to identify a subset of the candidates representing refined
estimates of linear transform candidates.

Another aspect of the invention is a direct least squares
circuit. The circuit comprises a memory for storing a suspect
signal representation. The circuit includes a correlation mod-
ule for receiving a seed set of linear transform candidates and
determining a correlation metric for each candidate as a mea-
sure of correlation between a reference signal and the suspect
signal representation when the linear transform candidate is
applied.

The circuit also includes a coordinate update module for
determining feature locations within the suspect signal rep-
resentation of a feature that corresponds to a feature of the
reference signal at a location determined by applying the
linear candidate transform. This module determines locations
of components of a reference signal in the suspect signal and
provides input to a least squares calculator to determine the
transform between a reference signal and the suspect signal.

The circuit includes a least squares calculator for determin-
ing an updated linear transform for each of the candidates that
provides a least squares fit between reference signal feature
locations and the corresponding feature locations in the sus-
pect signal determined by the coordinate update module. The
circuit is implemented to use correlation metrics to identify
the most promising linear transform candidates. For example,
the circuit iterates through the process of updating the trans-
form so long as the correlation metric shows signs of
improvement in the transform’s ability to align the reference
and suspect signals.

Some embodiments employ a method of computing an
estimate of phase of a transformed signal. This phase estima-
tion method provides a set of feature locations representing a
discrete reference signal, receives a suspect signal, and
applies a transform to the reference signal to provide a set of
transformed locations. It samples phase from the suspect
signal at discrete sample locations in a neighborhood around
the transformed locations. To these sampled phases, the
method applies a point spread function to provide an estimate
of phase of the suspect signal at locations corresponding to
the transformed locations.

Phase estimation is implemented, for example, in a digital
logic circuit comprising a memory for storing phase of a
suspect signal and a transform module for transforming coor-
dinates of a reference signal into transformed coordinate
locations. The circuit also comprises a point spread function
module for reading selected phase of the suspect signal from
the memory at locations around a transformed coordinate
location and applying a point spread function to the selected
phase to provide an estimate phase.

Some embodiments further employ a method of computing
an estimate of a translation offset between a reference and
suspect signal. This method operates on a set of phase esti-
mates of a suspect signal. For each element in an array of
translation offsets, the method provides a set of expected
phases of the reference signal at the translation offset. It
computes a phase deviation metric for each of the set of
expected and corresponding phase estimates at the translation
offset, and computes a sum of the phase deviation metrics at
the translation offset. This approach provides a phase devia-
tion surface corresponding to the array of translation offsets.
The method determines a peak in the phase deviation metrics
for the array of translation offsets (e.g., in the phase deviation
surface), wherein a location of the peak provides the estimate
of the translation offset.

This phase deviation method is implemented, for example,
in a phase deviation circuit. The phase deviation circuit com-

30

40

45

50

65

4

prises a memory for storing a set of phase estimates of a
suspect signal and known phases of a reference signal. It also
comprises a phase deviation module for computing a phase
deviation metric for each of the set of known phases of the
reference signal and corresponding phase estimates from the
reference signal for an array of translation offsets, and for
computing a sum of the phase deviation metrics at the trans-
lation offsets. The circuit comprises a peak determination
module for determining a peak in the phase deviation metrics
for the array of translation offsets. The location of the peak
provides the estimate of the translation offset between the
reference and suspect signals.

The above-summarized methods are implemented in
whole or in part as instructions (e.g., software or firmware for
execution on one or more programmable processors), cir-
cuits, or a combination of circuits and instructions executed
on programmable processors.

Further features will become apparent with reference to the
following detailed description and accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 11is a block diagram illustrating an implementation of
a process for determining a transformation between a refer-
ence and suspect signal.

FIG. 2 is a diagram illustrating a hardware device that
computes an affine transform between a reference and suspect
signal.

FIG. 3 is a flow diagram illustrating a least squares method
that computes a best fit transform that aligns a reference
signal with its counterpart in a suspect signal.

FIG. 4 is a block diagram of processing flow in a digital
logic circuit implementation.

FIG. 5 is a block diagram illustrating a method to compute
estimates of the phases of a suspect signal for which an
approximation of a linear transform has been computed.

FIG. 6 is a block diagram showing an alternative method to
compute estimates of the phases of the suspect signal.

FIG. 7 is a diagram illustrating that the transformed fre-
quency component of a discrete reference signal does not fall
on integer coordinates in a Fourier domain, and as such,
requires a phase estimation method to estimate phases from
neighboring frequency locations.

FIG. 8 is a diagram illustrating a process of deriving the
phase estimation method and associated mathematics sup-
porting the derivation.

FIG. 9 is a flow diagram illustrating a phase estimation
method to compute phases given a linear transform and a
reference signal.

FIG. 10 is block diagram illustrating a digital logic circuit
implementation of phase estimation.

FIG. 11 is a flow diagram illustrating an overview of a
phase deviation method.

FIG. 12 is a block diagram of a digital logic circuit for
estimating a linear transform.

FIG. 13 is a block diagram of a digital logic circuit for
phase estimation and phase deviation.

FIG. 14 is a diagram illustrating a phase deviation equation
based on a deviation metric.

FIG. 15 is a diagram illustrating an implementation of a
direct least squares method.

DETAILED DESCRIPTION

FIG. 11is a block diagram illustrating an implementation of
a process for determining a transformation between a refer-
ence and suspect signal. We refer to this process as a trans-
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formation recovery process because it recovers a transforma-
tion of the reference signal from a suspect signal captured
within a device. In particular, we have implemented this
method to recover the transform required to align the suspect
signal with the reference signal. The process takes as input a
discrete representation of a known reference and the captured
suspect signal 100 and determines an estimate of a transfor-
mation, which when applied to the reference signal, would
approximate the suspect signal. The transformation recovery
process is sub-divided into stages 102-106 in which the first
stage provides an estimate of a transform (e.g., a linear trans-
form described by 4-D vector of linear transform parameters
(or 2 by 2 linear transform matrix)) and the subsequent stages
refine the estimate by first estimating a phase of the reference
signal as transformed by an estimated transform of stage 102
and then finding the phase and the translation in stage 106
(thus, providing two additional parameters of translation). In
our particular implementation, stage 102 provides candidate
linear transforms, each corresponding to a 2 by 2 linear trans-
form matrix. The next two stages provide two dimensional
(2D) translation (in vertical and horizontal directions), which
when combined with the 2 by 2 linear transform matrix,
provide affine transform candidates. In this context, the phase
shift and translation are related quantities that are expressed
in different domains—the phase shift as a change in phase
angle of signal components in a Frequency domain such as a
Fourier transform domain, and translation in the spatial (e.g.,
the spatial domain of an image) or temporal domain (time
domain of time varying signals like audio). Each of the stages
102-106 includes novel elements independent of the other
stages, and we explain these novel elements in more detail.

These stages are implemented in a system to compute an
affine transform between signals and provide additional
advantages when used in combination as explained further
below. The methods and associated hardware implementa-
tions have application in a variety of signal detection and
object recognition and matching applications. We illustrate
examples of the methods in the context of digital watermark
detection, but the methods are not limited to this context.

The methods also apply to a variety of signal types. They
are designed to operate on two dimensional content signals
captured from sensors (e.g., images or video frames captured
with cameras). The methods also apply to one dimensional as
well as 2 or more dimensional signals. One implementation,
in particular, is adapted to determine the geometric transfor-
mation of a reference signal in image content. The reference
signal is in the form of a two dimensional image watermark
signal that is embedded in a host image. The reference signal
can be generalized to encompass a variety of signal types for
different applications. As such, the software and hardware
implementations have applications in a variety of signal pro-
cessing applications, such as object recognition, pattern rec-
ognition and matching, content fingerprinting, machine
vision, and other applications where transformations between
signals are computed. Our methods are particularly adapted
for processing of signals captured in sensors, and in particu-
lar, image sensors like CCD and CMOS arrays, of the type
used in digital scanners, cameras, mobile telephone handsets,
etc.

As an example to provide context for the methods, we
begin with an overview of watermark signal detection hard-
ware. We then describe implementations of the individual
stages. FIG. 2 is a diagram illustrating a hardware device that
computes an affine transform between a reference and suspect
signal. This particular design is adapted to recover the affine
transform of an embedded two dimensional watermark sig-
nal. The design buffers portions of a captured and digitized
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6

electronic image in memory (RAM) 120 (the suspect image
signal). A filter and Fourier transform processing module 122
filters the suspect image and computes a 2D Fourier trans-
form. A linear transform estimation module 124 takes the
discrete frequency representation of the suspect image and
computes an estimate of a linear transform between a refer-
ence signal and the filtered suspect signal. Affine transform
recovery module 126 uses the linear transform estimate, and
reference and suspect signal representations to compute the
phase/translation between the reference and suspect signal
and so results in an affine transform which transforms the
reference signal to the suspect signal.

The lower portion of FIG. 2 provides a break-down of
sub-modules within modules 122-126. Implementations of
these sub-modules are described further below.

The transform estimation of FIG. 1 can be implemented in
a number of alternative ways. One approach is to perform a
matched filter correlation between the reference and suspect
signals. One such method for determining rotation and scale
of a reference signal relative to a suspect signal is a Fourier-
Mellin correlation. By converting both the suspect and refer-
ence signals to Fourier-Mellin coordinate space (a log polar
coordinate space), the rotation and scale transform between
the two signals is converted to translation shifts, enabling the
application of matched filter correlation to find the location of
a correlation peak, which corresponds to an estimate of the
rotation and scale between the signals. Another is to perform
aleast squares method, and in particular, a direct least squares
method. Below we describe implementations of least square
methods. These are particularly useful for implementation in
hardware, where the processing can be implemented in
sequential pipelined hardware logic stages, and in software
where the processing can be performed in parallel on special
purpose hardware processing units such as, Graphics Pro-
cessing Units (GPUs), Digital Signal Processors (DSPs) or
multi core Central Processing Units (CPUs), to name a few.

Least Squares

Least Squares Technique

The least squares technique estimates a linear transform
that yields the least square error (i.e., the maximum likelihood
estimate), given an initial guess of the linear transform.
Operations consist of multiplies and adds, and are hardware
friendly.

FIG. 3 is a flow diagram illustrating a least squares method.
One implementation takes as input the coordinates for a set of
reference locations (in either the frequency or spatial domain)
and the corresponding set of coordinates for a set of trans-
formed locations (again, either in the frequency or spatial
domain). For the sake of illustration, we describe the tech-
nique for an implementation in which the reference locations
correspond to features in the frequency domain, and in par-
ticular, peaks in the frequency domain.

This least squares method is performed iteratively and
includes three steps for each iteration. These three steps are
illustrated in FIG. 3 in processing blocks 130, 132, and 134:

Computation of transformed frequency coordinates 130—
In this stage, the transformed frequency coordinates are com-
puted using the initial transform and the original (i.e., non-
transformed) frequency coordinates of the signal.

Coordinate update 132—in this step, more suitable loca-
tions for each transformed frequency is sought by searching
the frequency magnitude plane for the peak value around a
small neighborhood of the transformed frequency. At the end
of this step, the coordinate of each transformed frequency is
updated if a more suitable peak location is found for this
frequency. The optimal frequency coordinates computed in
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this process result in locations that can no longer be simulta-
neously determined by a single linear transform.

Transform update 134—in this step, an updated linear
transform is calculated from the updated coordinates using
the least squares formulation. This updated transform is used
as an initial guess for the next iteration. The least squares
technique provides the transform that minimizes the squared
error between the original and transformed coordinates. In
particular, it provides the transform that minimizes, in the
sense of least squared error, the sum of the location errors.
The computation of the new transform from the errors is
implemented as follows:

A measure of correlation, called correlation strength, is
computed for each iteration. The correlation strength metric
can be used to determine early termination of iterations or to
provide regularization.

In theory, the least squares technique can find the actual
linear transform between a reference and suspect signal start-
ing from any initial guess of the linear transform parameters.
However, from a practical standpoint (to prevent the coordi-
nate update from being overly complex), the initial guess of
the linear transform parameters must be somewhat close to
the actual linear transform. Consequently, the technique is
sensitive to the initial guess.

The initial guess of the transform can be as simple as a
rotation and scale pair.

This least squares method can determine any arbitrary
linear transform (i.e., including rotation, scale, shear, and,
differential scale).

Direct Least Squares (DLS)

DLS is an efficient application of the least squares tech-
nique to determine the linear transform between a suspect and
a reference signal. Our particular implementation applies to
images, and in particular, the suspect image is a watermarked
image, and the reference signal is a watermark signal, which
is assumed to be embedded in the watermarked image. The
task, in this case, is to determine the linear transform between
the original reference signal, which is known, and its coun-
terpart which is assumed to be embedded in the suspect sig-
nal.

InDLS, the least squares technique is applied to a sparse set
of initial guesses of the linear transform.

DLS requires fewer evaluations than a Fourier-Mellin type
correlation, while providing a more accurate transform than
Fourier-Mellin. As noted above, a correlation between refer-
ence and suspect signals in the Fourier-Mellin domain pro-
vides an estimate of rotation and scale. Least squares, in
contrast, can provide any arbitrary linear transform (e.g., a 4D
vector of linear transform parameters).

With DLS, the 4-dimensional space covered by the 2x2
linear transform matrix can be evaluated extremely efficiently
with initial guesses spanning a sparse 2-dimensional sub-
space.

Each DLS evaluation uses the least squares technique, and
is independent of other DLS evaluations on the 2D subspace.
Therefore, DLS evaluations can be performed efficiently in
hardware or on multi-core processor architectures. Hach
evaluation results in an estimated linear transform and a cor-
responding correlation strength value. Candidate linear trans-
forms are identified as those transforms corresponding to the
largest correlation strength values. One or more of these
candidate linear transforms are processed further to recover
the affine transform.

DLS allows the initial guesses to be arbitrarily spread
around the 2D subspace. For example, if the initial guesses
comprise rotation/scale pairs, the spacing along the rotation
axis and the scale axis can be arbitrary. In comparison, the
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Fourier-Mellin approach requires the spacing in the scale axis
to be logarithmic. The use of arbitrary spacing has two advan-
tages—increased robustness and efficient computation. Inthe
general case, the set ofinitial guesses are ideally selected such
that they are uniformly distributed over a sparse subset of
rotation and scale values. For example, a uniform spacing in
the scale axis (uniform increments in scale) can be efficiently
computed and also reduces noise artifacts. The ability of DLS
to converge on the appropriate linear transform and the accu-
racy of the estimated transform is influenced by the number of
initial guesses and the number of least squares iterations.
Optimal values for these parameters are determined as a
tradeoff between hardware cost, computational speed and
desired robustness. A more sophisticated strategy consists of
using a very sparse set of initial guesses in conjunction with
an adaptive number of iterations. More iterations are per-
formed for cases where the resulting transforms from succes-
sive iterations exhibit convergence. This strategy provides
computational efficiency without sacrificing robustness.

In certain applications, the suspect signal may undergo a
limited set of transformations. For example, the rotation may
be restricted to a range between -30 and +30 degrees. In such
situations, DLS evaluations are performed on a further
restricted range of sparse initial guesses.

Due to noise and distortion, the linear transform estimated
by DLS can be noisy. In our particular case, the transform is
noisy when estimated from a single image block of an image
with weak watermark signal. To reduce the noise in the esti-
mated transform, we take advantage of characteristics of the
DLS output. Recall that DLS results in an estimated linear
transform and a correlation strength value for each initial
guess. For a well-designed set of initial guesses, multiple
initial guesses lead to similar linear transforms. In other
words, the output linear transforms are clustered. To reduce
noise in the linear transform estimate, clusters of linear trans-
forms are identified, and their elements appropriately aver-
aged. Appropriate averaging can be done by weighting each
linear transform by some function (e.g. nonlinear function) of
the correlation strength.

FIG. 4 is a block diagram of processing flow in a digital
logic circuit implementation. A Fourier transform module
140 accesses the input signal (e.g., block of image data cap-
tured by an image sensor) from memory, and computes a
Fourier transform and Fourier magnitude data. Fourier mag-
nitude filter 142 filters the 2D Fourier magnitude data. One
such filter is a non-linear filter that compares a sample value
with each of its eight neighbors and replaces the sample value
with an aggregate value based on these comparisons. In one
implementation, the filter uses a ratio of the sample value to
the average of its 8 neighbors (in the Fourier magnitude
domain). The output of the filter is then a function (in this
case, a nonlinear function) of this ratio. This filter is particu-
larly useful in extracting reference signal features (e.g., in
digital watermarking where the reference signal is embedded
in the suspect signal). The output of the filter then forms the
input to the direct least squares method (144).

Update Coordinates (Block 132 of FIG. 3)

The coordinate update process comprises a local search for
a peak (or desired characteristic such as a corner or feature)
around a small neighborhood surrounding the transformed
location (frequency) of interest.

Neighborhoods are typically defined as a 3x3 or 2x2 region
of'samples or could be much larger depending on the problem
domain and application.

If the peak or desired feature is in a different location than
the transformed location, the coordinate of the transformed
location is updated to this location
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The least squares method provides an estimate of the linear
transform between the suspect and reference signals. To
recover the complete affine transform, the phase shift (or the
translation) between the two signals needs to be computed.
One approach is to compute a phase correlation between a
phase representation of both the reference and suspect sig-
nals, taking into account the linear transform. We have devel-
oped processing modules that are particularly advantageous
in recovering the affine transform. These processing modules,
as noted above in FIG. 1, are phase estimation and phase
deviation.

Phase Estimation

Our phase estimation approach is advantageous because it
calculates phases from the Fast Fourier Transform (FFT) of a
transformed signal rather than performing the inverse trans-
form of the image followed by an additional FFT to compute
and extract the phases. Phase estimation uses the linear trans-
form that the reference signal has undergone within the sus-
pect signal. While direct least squares is illustrated as one
method to compute this linear transform, there are other ways
to compute it, such as using matched filters (e.g., the Fourier
Mellin correlation to approximate the linear transform).

Highlighting this advantage, FIGS. 5 and 6 are block dia-
grams illustrating different methods of calculating phase
information: one without phase estimation (FIG. 5) and the
other with phase estimation (FIG. 6, 166). Both methods use
direct least squares methods 154, 164 to estimate linear trans-
forms between the signals. A first FFT 150, 160 is performed
to obtain the magnitude information that the direct least
squares technique operates on. As described for FIG. 4, a
Fourier magnitude filter 152, 162 may be applied to the Fou-
rier magnitude data. The approach of FIG. 6 uses our phase
estimation technique, while FIG. 5 performs an inverse linear
transform 156 followed by a second FFT 158 to calculate the
phases. Phase estimation 166 avoids the extra processing of
both the inverse linear transform 156 and the second FFT 158.

FIG. 7 is a diagram illustrating the problem that phase
estimation addresses. When the linear transform is applied to
a reference signal coordinate, it likely does not map to a
discrete coordinate. The phase estimation method provides an
efficient approach to computing the phases at non-discrete
(i.e., real valued) co-ordinate locations.

To understand how phase estimation addresses the prob-
lem, we begin with a derivation of the phase estimation
method. FIG. 8 is a diagram illustrating a process of deriving
the phase estimation method and associated mathematics
supporting the derivation. As illustrated in FIG. 7 and block
180 in FIG. 8, the first step in the derivation assumes a
function consisting of complex frequency situated at real
position v in the Fourier plane.

Block 182 of FIG. 8 and the corresponding mathematical
expressions illustrate a derivation of a Point Spread Function
(PSF) used for phase estimation. The PSF is derived by
decomposing complex frequencies situated at real positions
in the Fourier plane in terms of integer complex frequencies.
This PSF is complex-valued.

As shown in block 184, the last step in the derivation
performs a convolution with PSF in Fourier Plane. The inner
product of block 182 of FIG. 8 is with respect to the Fourier
basis functions—this provides the PSF. The PSF is then used
in block 184 to convolve with the values in the Fourier plane.

FIG. 9 is a flow diagram illustrating a phase estimation
method to compute phases given a linear transform and a
reference signal. There are two principal stages in our phase
estimation process. In a first stage, the implementation trans-
forms the known reference signal coordinates (in particular, a
set of sinusoids at known frequency coordinates) according to
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alinear transform. In a second stage, the implementation uses
the transformed coordinates and the phase information sur-
rounding these coordinates in the suspect signal’s frequency
domain to obtain phase estimates of the transformed fre-
quency coordinates. The inputs to this process are the discrete
suspect signal, which is stored in memory in the form of a
complex frequency plane from the 2D FFT, along with the
assumed transform (e.g., the linear transform computed pre-
viously), and the reference signal’s frequency specification
(this is the set of known frequency locations of the sinusoids
of the reference signal). For each real complex frequency,
phase estimation applies the following steps

a. Compute transformed real location (e.g., non-integral)
of the frequency using the provided linear transform (block
190).

b. Express complex frequency at the real location in terms
of integer-coordinate Fourier basis. This provides the com-
plex PSF (block 192).

c. Obtain the phases for the integral frequencies surround-
ing the desired real frequency from the FFT of the suspect
image block (block 194). The PSF is peaked at Delta=0, and
s0 a non-integral peak shows up in a small neighborhood (as
expected). In particular, the function (sin(pi Delta)/N sin(pi
Delta/N)) has a peak at 0 (in the limit).

d. Compute the sum of products of the complex values at
the integral frequencies with the corresponding complex val-
ues of the PSF (block 196). This gives the estimated phase at
the real complex frequency.

The PSF values can be pre-computed and stored in a table
for efficiency. In addition, the phases can also be quantized (to
a few phase angles) for efficiency. The implementation of the
first stage of phase estimation makes a transformation to
move each frequency location of the reference signal to the
appropriate “fractional” position between the discrete fre-
quency samples. The characteristics of the transformed ref-
erence signal’s phase are independent of the signal frequency.
For each fractional frequency position, the PSF table contains
pre-computed phase information for the nearest discrete fre-
quency locations.

To simplify the computation, the implementation uses a
limited resolution of the fractional frequency positions,
between each integer frequency. The implementation uses
this reduction in number of fractional frequency positions to
further reduce the size of the PSF table. The PSF table con-
tains pre-computed phase information only for each permit-
ted fractional frequency position.

This PSF phase information is then re-used for all future
estimations (in the 2nd stage of the process). In one particular
implementation, the phase information is pre-computed and
the values are stored in small discrete tables. The tables are
the same for horizontal and vertical frequency directions, so
the implementation accesses twice and combines the values
to make the expected phase for a 2D frequency location.

Our phase estimation operations are efficient and hardware
friendly. Besides eliminating the inverse transform and addi-
tional FFT, this approach does not require access to the sus-
pect signal data (e.g., the input suspect image) as shown in the
method of FIG. 5. Instead, it uses the frequency data of the
suspect signal, which has already been computed, as shown in
FIG. 6. Consequently, Phase estimation lends itself to a pipe-
lined architecture in hardware.

In general, the phase estimation technique can be used to
perform rotations or other transformations in the complex
frequency domain, without first resorting to the spatial
domain data.

FIG. 10 is a block diagram illustrating a digital logic circuit
implementation of phase estimation. The phase estimation
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implementation shown in FIG. 10 receives a stream of phase
information for a suspect signal block at data in module 200.
Under control of control module 202, it stores the phase
information (the phase half plane from a 2D FFT of the
suspect signal block) in RAM memory 204. Linear transform
candidates are also received through data in module 200 and
stored directly in modules 206, 208 and 212 (alternatively,
could be stored in RAM 204).

Linear transform candidate matrix module 206 forms the
linear transform candidates in a matrix and provides them to
a matrix invert module 208 and data out module 210. Matrix
invert module 208 inverts the linear transform matrix. In this
implementation, the linear transform is for a spatial transform
of'the image. For mapping the reference signal coordinates in
the suspect image frequency domain, it takes the inverse
transpose of the linear transform. Transform coordinate mod-
ule 212 then takes a reference signal coordinate specifying the
location of a reference signal component from a memory
(Read Only Memory (ROM) 214) and transforms the location
to a coordinate in the coordinate space of the suspect signal
block. Control module 216 sequences through each of the
locations of the reference signal components, providing the
coordinates in the frequency domain. For each reference sig-
nal coordinate, control module 218 sequences through a 2 by
2 matrix of Point Spread Function (PSF) points. As it does so,
it controls a coordinate ceiling/floor function module 220 that
operates on the transformed coordinate of the reference signal
component, and it selects the PSF for that coordinate in PSF
table 222. The coordinate ceiling/floor module 220 then
selects the neighboring frequency locations in the phase
information RAM 204, which in turn, outputs the phase infor-
mation at the neighboring locations to product and sum logic
operators 224. The product and sum operators 224 apply the
point spread function from table 222 to the phase information
to calculate the estimated phase. Data out module 210 then
outputs the estimated phases for each reference coordinate of
the reference signal, along with the corresponding linear
transform candidate. The phase estimation implementation
cycles through all of the linear transform candidates, provid-
ing a set of estimated phases for each reference signal com-
ponent for each LT candidate.

Phase Deviation

Referring back to FIG. 1, the process following phase
estimation is to use this estimate of the phase of the trans-
formed reference signal to determine the translation between
the reference and suspect signals. There are alternative
approaches to computing the translation at this point. One
approach is to perform phase correlation between the phase
representations of the transformed reference signal and the
suspect signal (this requires an inverse FFT operation).
Below, we describe an alternative approach referred to as
phase deviation.

2D Phase Deviation

Phase deviation is an alternative approach to estimating the
translation between two images or signals in general. As
compared to a phase correlation approach, it does not require
the inverse FFT operation.

FIG. 11 is a flow diagram illustrating an overview of a
phase deviation method. The phase deviation method first
obtains a set of candidate translation values (called the trans-
lation offsets) at a first level of detail (e.g., integer offsets)
between the reference and suspect signals in step 230. In step
232 of FIG. 11, the phase deviation method refines these
candidates by determining translation values that provide a
better fit between the reference and suspect signals using a
higher level of detail (e.g., fractional offsets) around the first
set of candidate translations.
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The phase deviation for a specified translation offset is the
sum of deviations between the measured and the expected
phases at all reference signal components of interest. In the
case where the reference signal comprises a set of sinusoids,
each with particular phase, the expected reference signal
phases are the phases of the sinusoids at known translation
offsets. These expected phases are provided for each of sev-
eral translation offsets, which may be specified in terms of a
phase angle or translation value (e.g., pixel offset at a particu-
lar image resolution). Stated another way, for each possible
translation offset, there is a set of expected phases for the
reference signal. Additionally, the other input is the measured
phases, previously computed from the suspect signal. The
deviation between the expected phases and the measured
phases is computed for each translation offset. The deviation
at each frequency can be calculated using a distance measure
such as Euclidean distance between the measured and
expected phases. The phase deviations calculated for all pos-
sible translation offsets constitute the 2D phase deviation
surface. The location of the minimum value in the 2D phase
deviation surface indicates the location of the translation off-
set. A 2D phase deviation method can be implemented using
just adds (no multiplies), and at a fraction of the computa-
tional cost of a 2D FFT. Also, the phase deviation calculations
for each offset and for each frequency can be computed inde-
pendently, leading to efficient parallel implementations. This
is an advantage over alternative methods, like phase correla-
tion.

The phase differences and deviations can either be com-
puted as complex values or can be computed directly in terms
of angles. Working with angles provides improved efficien-
cies in computation.

Distance measures other than the Euclidean distance can
also be used. For example, the [.1 norm or a nonlinear mea-
sure can provide improvements depending upon the specifics
of' the signals and noise involved.

In particular, the sum of deviations may be computed as the
sum of absolute differences between the measured and
expected phase angles, where each difference is wrapped
between —pi and +pi, (modulo 2*pi). This computation is
efficient to implement in hardware.

Sub-Sample Translation Estimation

Phase deviations can be computed for any arbitrary real
valued translation offsets. This provides sub-sample transla-
tion estimation as opposed to integer valued translation esti-
mation with the phase correlation approach.

The ability to compute a phase deviation metric at sub-
sample translations can be used to implement a translation
refinement technique where integer translations are first
evaluated to determine suitable translation offsets around
which further refinement is performed by evaluating sub-
sample (i.e. fractional, sub-pixel for image content) transla-
tion offsets.

One Dimensional (1D) Phase Deviation

The basic phase deviation formulation can be modified to
exploit patterns in the frequencies. Sets of frequencies for
which the linear combination of coordinate values in one
dimension (horizontal or vertical) is zero, lead to a 1D phase
deviation formulation in the orthogonal dimension. Concep-
tually, this leads to hypothetical 1D signals in the orthogonal
dimension which are a multiplication of the sets of 2D sinu-
soids in 2D space. The frequency of the hypothetical 1D
signal is given by the sum of frequencies in the orthogonal
dimension. Translation can then be estimated independently
in each dimension using the 1D phase deviation formulation,
for a fraction of the cost of 2D Phase Deviation. Besides, the
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search for a minimum phase deviation metric is along 1D (i.e.
is on a one dimensional data set), further reducing the overall
computational cost.

In some cases, the linear combinations lead to hypothetical
1D signals that are outside the support length (e.g. 128 points)
of the original signal. These hypothetical 1D signals have a
higher frequency than Nyquist. In this case, a 1D phase devia-
tion method can be specified in terms of a larger artificial
support length (e.g., using 256 points to ensure a higher
sampling rate) to avoid aliasing. Avoiding aliasing increases
reliability of translation estimation in noise.

1D phase deviation causes ambiguities in translation when
all the resulting hypothetical frequencies in the orthogonal
direction are even valued. For example, when pairs of quad-
rant symmetric frequencies of length 128x128 in 2D space
(such as [-45, 9] and [45, 9], and, [-44, 6] and [44, 6]) are
multiplied, the resulting 1D phase deviation has a periodicity
of length 64. The frequency doubling caused by combining
two frequencies of the same value leads to even valued 1D
signal frequencies (e.g., 18 and 12), thereby introducing
ambiguity. As a corollary to aliasing, mixing two frequencies
A and B, produce new frequencies A+B and A-B. The ambi-
guity caused by periodicity can be resolved using 2D phase
deviation for further evaluation of specific translations. Alter-
natively, the ambiguity can be avoided by ensuring that a
substantial number (around half) of the hypothetical frequen-
cies are odd valued.

A combination of 1D phase deviation and 2D phase devia-
tion can be employed to take advantage of the meager com-
putational load of 1D phase deviation and the robustness of
2D phase deviation.

FIGS. 12 and 13 are block diagrams illustrating hardware
implementations in more detail. FIG. 12 is a block diagram of
a digital logic circuit for estimating a linear transform (e.g.,
block 102 in FIG. 1 and blocks 122-124 in FIG. 2). FIG. 13 is
ablock diagram of a digital logic circuit for phase estimation
and phase deviation (e.g., blocks 102-104 in FIG. 1 and block
126 in FIG. 2).

As shown in FIG. 12, the input to the implementation is a
packet of image data from the suspect image. The implemen-
tation computes the affine transform of a digital watermark
signal embedded in the input image, which is the suspect
image, relative to the initial coordinate space of the digital
watermark, which is the reference signal. In this particular
example, the reference signal is a set of frequency peaks
corresponding to the watermark signal (namely, a set of sinu-
soids with a known, pseudorandom phase relative to each
other). At this point in the process, the suspect image may
have been subjected to various forms of distortion caused by
sampling (scanning, printing, etc.) as well as geometric dis-
tortions (e.g., as a result of image editing and/or capture of the
image in a transformed state from a scanner or camera). As a
result of this distortion, the affine transform that best approxi-
mates the transformation between the known reference signal
and its counterpart embedded in the suspect image is not
known. The objective is to compute the affine transform that
best approximates the transformation between the reference
signal at the time of embedding, and the embedded reference
signal within the suspect image.

Before describing the circuit implementation, it is helpful
to provide background on the attributes of the reference and
suspect signals because they dictate design considerations for
the hardware. The digital watermark has been repeated within
adjacent blocks (e.g., in a tiled fashion) of the signal. The
digital hardware circuitry operates on a stream of input pack-
ets. The input packets comprise overlapping blocks of the
suspect image that roughly correspond to the original size of
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the blocks into which the watermark was originally embed-
ded. Each block is a 128 by 128 array of pixels. The size of
memory and FFT filters etc. are adapted based on these signal
attributes, and can vary with the application and signal speci-
fications for those applications.

The pre-filter 300 filters the pixel values within the image
block using the method described previously. Namely, each
sample is compared with its eight neighbors and replaced by
a value that is a function of these comparisons to provide a
form of non-linear filtering that seeks to isolate the embedded
reference signal from the suspect image data.

The window operation 302 prepares the filtered image data
for a 2D FFT. The resulting filtered image data block is
received by FFT2D (304) and stored in RAM. In this case, the
RAM (306) is implemented within an ASIC along with the
other hardware components shown in FIG. 12. FFT2D pro-
cesses a block of spatial input data to produce complex fre-
quency data. The Real and Imaginary parts of complex fre-
quency data are interleaved in output into a single pipe output
stream.

CORDIC 308 converts interleaved Real (Re) and Imagi-
nary (Im) stream into interleaved magnitude and phase
stream. As known in the field, CORDIC is a method for
efficient digital signal processing implementation of trigono-
metric functions. A Fourier Magnitude Filter 310 filters only
the Fourier Magnitude portion of the data. The filter uses a
ratio of the sample value to the average of its 8 neighbors (in
the Fourier magnitude domain). The output of the filter is then
a function (in this case, a nonlinear function) of this ratio. The
phase is passed through un-altered.

The Direct Least Squares (DLS) module 312 receives an
interleaved stream of the Filtered Fourier Magnitude and
Phase data. Each of these data streams is stored in a RAM,
shown as RAM blocks 314 and 316.

DLS computes and refines each potential linear transform
candidate for maximum correlation strength. The output of
the DLS module 312 is a stream of linear transform (LT)
candidates, preceded by the stored phase block. Phase data
used for phase estimation is stored in a form that is ready to be
sampled so that phases can be estimated for each candidate
linear transform.

Block 318 sorts the input stream of linear transform can-
didates to find the top 10 candidates, based on a measure of
correlation. This measure of correlation, in this implementa-
tion, is a correlation strength computed as the dot product
between the reference and suspect signals after the linear
transform candidate is used to align these signals. RAM 320
is a memory used to store the top linear transform candidates
and corresponding correlation metrics.

FIG. 13 starts where FIG. 12 ends with the top linear
transform candidates. The phase estimation module 322
receives the stream of phase data and stores itin RAM 324. It
uses each of the linear transform candidates to estimate a set
of phases for signal components in the suspect image corre-
sponding to each of the frequency locations in the reference
signal. For each linear transform candidate, the phase estima-
tion module provides both the linear transform candidate and
a set of phases corresponding to the frequency locations in the
reference signal. These phases represent a measure of the
phases of the reference signal component that is embedded in
the suspect signal. In particular, for this implementation
where the reference signal is embedded into the suspect sig-
nal as a digital watermark, the set of phases represent the
estimates of the phases of the embedded reference signal
components, which correspond to sinusoids with random
phase.
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In other implementations, the phase estimation module
may be subsumed within the DLS module, since much of the
matrix calculations to transform reference signal coordinates
are already computed there, and the phase data is also readily
available. This will result in the DLS module outputting both
linear transforms and estimated phases for each of those
transforms.

While the phase estimation method is depicted for a digital
watermark detector implementation, the method is applicable
to other applications where a signal processor seeks to find a
known reference signal within a suspect signal. Examples
include object recognition and pattern matching, where the
signal processor seeks to find a known reference signal in an
image. The phase estimation method enables the signal pro-
cessor to compute estimates of the phase of a reference signal
that is suspected to be a component of the suspect image.
These phase estimates can then be used in additional match-
ing or recognition operations to detect whether the reference
signal is present in the suspect signal. In these methods, the
same general approach is followed: the phase estimation uses
an estimate of the transform between an expected signal
pattern and corresponding components in a suspect signal,
along with the phase of the suspect signal to compute esti-
mates of the phase of the signal pattern in the suspect image.

Returning to FIG. 13, the phase deviation module 326
receives each linear transform candidate and a corresponding
set of estimated phases of the reference signal in the suspect
signal. The phase deviation module 326 computes a phase
deviation surface for each linear transform candidate. This
surface is an array of phase deviations, where each element in
the array corresponds to a translation offset and the value of
the element is sum of phase deviation metrics between cor-
responding expected and measured phase differences. For 2D
phase deviation, this is a 2D array of phase deviation values
corresponding to all pairs of translation offsets (e.g., a surface
of 128 by 128 values). As described previously, the phase
deviation for a particular translation offset is computed as a
sum of a difference metric that calculates the deviation
between an expected phase difference and the measured
phase difference at a particular reference signal component.
For our implementation, there are four orientations for each
linear transform candidate, corresponding to orientations of
0, 90, 180 and 270 degrees. At the end of computing the phase
deviation surface for an orientation, phase registers are re-
oriented by 90 degrees.

The objective of the 2D phase deviation module is to pro-
vide one or more translation offset candidates corresponding
to minima in phase deviation. Stated another way, the objec-
tive is to find the translation offset that best matches the
expected and measured phase differences, as determined by
the minimum deviation between the two. The implementation
subtracts the phase deviation from a large constant to convert
the problem of searching for minima to a problem of search-
ing for peaks for convenience (in this case, a peak represents
a minimum phase deviation metric in the phase deviation
surface). Since the objective is to find the best matches
between the expected and measured signals (i.e. the known
reference signal and its counterpart in the suspect image), the
hardware seeks to find peaks in the deviation between the two.
The initial 2D phase deviation surface is computed for integer
translation offsets for computational efficiency. However, the
actual translation might lie at a fractional (i.e., sub-pixel)
offset. As a result, peaks in the inverted phase deviation sur-
face might be spread over a 2 by 1 pixel region (in either the
horizontal or vertical direction). To overcome this effect,
peaks are searched over 2x1 regions in the Highest2x1 mod-
ule 328.

10

15

20

25

30

35

40

45

50

55

60

65

16

To overcome the effects of noise and distortion, the top N
peak candidates are further evaluated using a refinement
module 332.

The refinement module begins with the top N peaks (e.g., 2
by 1) peaks identified in the inverted 2D phase deviation
surface (e.g., the greatest minimum in magnitude in the phase
deviation surface). The value of N is determined as a tradeoff
between computational efficiency and robustness and is typi-
cally between 2 and 10. Then, for each of these N peaks, it
computes a refined phase deviation surface in a neighborhood
around the translation offset corresponding to the peak. These
refined phase deviations are computed for sub-pixel transla-
tion offsets. In particular, the expected phase differences are
computed for each of the sub-pixel translations in a M by M
array around the integer translation offset location of a peak.
The value of M and the fractional (i.e., sub-pixel) increments
in translation are determined based on the desired computa-
tional throughput and robustness. A typical value for M is 16,
while a typical fractional increment is a quarter pixel. The
sum of phase deviations is calculated to provide the sub-pixel
phase deviation surface. If there is a sub-pixel offset with a
higher peak, this sub-pixel offsetis included in a list of the top
peaks.

The output of the 2D phase deviation module is a linear
transform candidate followed by a list of peak coordinates
corresponding to minima in the phase deviation surface (in-
cluding any surfaces computed in the refinement stage).

The translation correction module 330 corrects the trans-
lation offset computed for each of the linear transform can-
didates. The nature of the correction is specific to the imple-
mentation and depends on implementation details such as,
whether the reference signal phases used as inputs are
expressed relative to Fourier representation block center or
block corner, and Fourier processing and representation rela-
tive to block center or corner, as well as differences in the
translation depending whether it is represented relative to the
coordinate system of the transformed suspect signal or the
reference signal.

FIG. 14 is a diagram illustrating a phase deviation equation
based on a deviation metric. This diagram provides an
example of a phase deviation metric. This metric is one
example illustrating how to compute phase deviation values
in the phase deviation surface. As shown in FIG. 14, phase
deviation represents the deviation between a measured phase
difference and expected phase difference for a particular fre-
quency component, i, of the reference signal. The measured
phase difference is the difference between the phase angle at
frequency component, i, for the estimated phase of the refer-
ence signal in the suspect signal (e.g., as determined by the
phase estimation process) and the known phase angle of the
reference signal component. As noted previously, the phase
estimation process provides a phase angle estimate for the
suspect signal in the transformed state. In the implementa-
tion, the phase angle used for the known reference signal is in
its original, un-transformed state.

The expected phase difference is directly computed from
the horizontal and vertical translation offsets. As noted, these
offsets start out as integer offsets, and then are sub-integer
(e.g., sub-pixel) for refinement.

Note that in the equation that there are M frequency com-
ponents in the reference signal. The deviation metric is a sum
of the individual deviations for each of the frequency com-
ponents. While the Euclidian distance measure is shown,
other deviation metrics may be used as previously indicated.

From the depiction in FIG. 14, one can see that the 2D case
shown can be reduced to 2 separate instances of 1D phase
deviation by using a reference signal that has pairs of fre-



US 9,182,778 B2

17

quency components that are symmetric about the vertical
axis, and thus, the horizontal components cancel each other,
and likewise, have pairs of frequency components that are
symmetric about the horizontal axis, and thus, the vertical
components cancel each other. As noted, this enables the
vertical and horizontal translation offsets to be determined
separately in independent searches for the peak in the respec-
tive 1D phase deviation arrays.

FIG. 15 is a diagram illustrating an implementation of a
DLS method. This is an implementation of the processing
within, for example, block 312, in FIG. 12. As noted previ-
ously, the DLS module begins with a set of seed linear trans-
form candidates in block 350. For example, this implemen-
tation begins with a sparse set of rotation-scale candidates (as
noted in one example above), which comprise subset of the
linear transform parameters represented in a 2 by 2 linear
transform matrix. The other linear transform parameters rep-
resented in a 2 by 2 matrix include differential scale (e.g.,
horizontal and vertical scales) and shear (e.g., horizontal and
vertical shear). When the DLS method starts with rotation and
scale candidates, the other parameters are initially assumed to
not provide any additional transformation, and subsequent
iterations of the method update the linear transform in a
manner that enables the other linear transform parameters to
vary so as to provide a better fit between the reference and
suspect signal. In other implementations, a different subset or
formulation of sparse linear transform candidates may be
chosen as seed candidates.

For each linear transform candidate in the starting set of
seed candidates, a transform module in the DLS module
transforms the frequency locations of the frequency compo-
nents in the reference signal (352). A sample module then
samples the frequency plane of the suspect signal at locations
in a neighborhood around the location of each transformed
location (354). The neighborhood is a region surrounding the
transformed frequency location, and in practice it encom-
passes some number of discrete frequency locations in the
FFT of the suspect signal. Next, a correlation module in the
DLS module computes a signal correlation metric (356) that
provides a measure of correlation between the reference sig-
nal and the suspect signal for these regions in the suspect
signal around each transformed component of the reference
signal. Atthe end of this process, the DL.S module has a signal
correlation metric for the linear transform candidate. It deter-
mines whether this metric is improved relative to a previously
stored metric for a prior iteration (358). The DLS module
continues so long as there is improvement in the correlation
metric (358) and an iteration limit is not met (360).

There are a variety of ways to compute regions and the
signal correlation metric computed for those regions. In one
implementation in which the DLS module samples from the
four nearest neighbor locations, the signal correlation metric
is computed as a sum of the bi-linear interpolation of the
frequency magnitudes at those neighbors for each trans-
formed location within the suspect signal. Alternatives
include computing correlation using a bi-cubic interpolation,
and using a 3 by 3 sample region around each transformed
frequency component’s location. The correlation can also
incorporate a correlation of the phase components of the
reference and suspect signals at the regions. In this case, the
phases in the suspect signal are estimated using the phase
estimation method.

In the case where the DLS module finds a linear transform
candidate that improves upon the signal correlation and is
below the iteration limit, the DLS module proceeds to estab-
lish a set of inputs to a least squares calculator, which in turn,
computes a new candidate linear transform. This set of inputs
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comprises a set of frequency component locations corre-
sponding to each transformed frequency component location,
where there is a maximum in frequency magnitude. The pro-
cess of finding these new locations for each component of the
reference signal is reflected in block 362. In particular, a
coordinate update module computes feature coordinates
(e.g., peaks) in a neighborhood around the transformed coor-
dinate locations. Next, the least squares calculator (364) com-
putes a new linear transform candidate by using the least
squares method to find a linear transform that best maps the
reference signal components from their original locations to
the new locations found in block 362.

The process depicted in block 362 is an implementation of
“Coordinate Update” discussed above. One approach to
updating the coordinates of a frequency component of the
reference signal is to select the coordinates of the neighboring
frequency location with the maximum magnitude in a neigh-
boring region, such as a 2 by 2, 3 by 3, 5 by 5, etc. sample
region around the transformed frequency location. This pro-
cess does not require interpolation to find new coordinates. In
some implementations, we have found that a 3 by 3 neigh-
borhood covers differential scale up to 2-3% and sometimes
up to 5%. There is a trade-oft between using a larger neigh-
borhood and potential confusion due to noise of adjacent
frequency components of the reference signal. Our imple-
mentations use a reference signal where M is in the range of
35-75, the suspect image is sampled around a resolution of
100 dots per inch (DPI), and the block size and FF T size is 128
by 128 samples. The neighborhood sizes and shapes can be
tailored for the unique characteristics of the reference signal.
Neighborhood sizes can increase with increasing frequency.
The neighborhood size and shape can be tailored to avoid
conflict of noise due to adjacent frequency components in the
reference signal. The neighborhood size and shape can also
be adapted as a function of the linear transform candidate
(e.g., transformed by the LT candidate). The update to the
coordinate of a transformed location can also be computed as
combination of neighboring values, such as by finding the
center of a neighboring peak (e.g., a Normalized Center of
Mass), a Center of Mass, a quadratic fit, or other interpolation
of neighboring values.

The least squares calculator of block 364 implements the
expression shown in the diagram to solve for the 2 by 2 linear
equation on the left hand side of the expression. This is
implemented in hardware using multiply and add logic cir-
cuitry, and of course, can be implemented in software (includ-
ing firmware instructions). As shown, the inputs are the coor-
dinates of the reference signal components and the
corresponding updated coordinates for the reference signal in
the suspect signal as determined from the previous block
(362).

After computing the update of the linear transform candi-
date in block 364, the DLS modules adds this linear transform
as a new candidate and returns to block 352.

When the DLS module completes as determined in deci-
sion blocks 358-360, the resulting linear transform candidate
and its associated signal correlation metric are stored for
further processing (366). The DLS module repeats for addi-
tional seed linear transform candidates as shown in block 368.
When the initial candidates have been processed and refined
as shown, the DLS module has a refined linear transform
candidate for each initial seed candidate. It searches this set of
refined linear transform candidates for the strongest correla-
tion (370). A subset of the top candidates based on correlation
can then be used in further processing as noted. Also, as noted
previously, linear transform candidates can be clustered and
combined to form new linear transform candidates.
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CONCLUDING REMARKS

Having described and illustrated the principles of the tech-
nology with reference to specific implementations, it will be
recognized that the technology can be implemented in many
other, different, forms. To provide a comprehensive disclo-
sure without unduly lengthening the specification, applicants
incorporate by reference the patents and patent applications
referenced above.

The methods, processes, and systems described above may
be implemented in hardware, software or a combination of
hardware and software. For example, the signal processing
operations for DLS, phase estimation and phase deviation
may be implemented as instructions stored in a memory and
executed in a programmable computer (including both soft-
ware and firmware instructions), implemented as digital logic
circuitry in a special purpose digital circuit, or combination of
instructions executed in one or more processors and digital
logic circuit modules. The methods and processes described
above may be implemented in programs executed from a
system’s memory (a computer readable medium, such as an
electronic, optical or magnetic storage device). The methods,
instructions and circuitry operate on electronic signals, or
signals in other electromagnetic forms. These signals further
represent physical signals like image signals captured in
image sensors, audio captured in audio sensors, as well as
other physical signal types captured in sensors for that type.
These electromagnetic signal representations are trans-
formed to different states as detailed above to determine
linear transforms, phase shift and translation between signals.

The above methods, instructions, and hardware operate on
reference and suspect signal components. As signals can be
represented as a sum of signal components formed by pro-
jecting the signal onto basis functions, the above methods
generally apply to a variety of signal types. The Fourier
transform, for example, represents a signal as a sum of the
signal’s projections onto a set of basis functions.

The particular combinations of elements and features in the
above-detailed embodiments are exemplary only; the inter-
changing and substitution of these teachings with other teach-
ings in this and the incorporated-by-reference patents/appli-
cations are also contemplated.

We claim:

1. A method of computing a transformation between a
discrete reference signal and a suspect image signal, the
method comprising:

providing a set of reference signal components represent-

ing the discrete reference signal, and providing a trans-
form candidate, wherein the reference signal compo-
nents, the suspect image signal and the transform
candidate are represented as digital, electronic signals in
an electronic memory;

with digital logic circuitry or programmed processor,

applying a transform according to the transform candi-
date to determine locations of the reference signal com-
ponents within the suspect image signal;

with digital logic circuitry or programmed processor, com-

puting a measure of correlation between the reference
signal components and the suspect image signal in the
electronic memory when the transform is applied, and
based on the measure of correlation, determining
whether to update locations of the reference signal com-
ponents within the suspect image signal;

with digital logic circuitry or programmed processor,

determining updated locations of the reference signal
components within regions around the locations of the
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reference signal components within the suspect image
signal based on values of the suspect image signal in the
regions; and

with digital logic circuitry or programmed processor,

determining a refined linear transform that provides a
least squares fit between reference signal component
locations and the updated locations.

2. The method of claim 1 wherein the reference signal
components correspond to peaks in the discrete reference
signal.

3. The method of claim 1 wherein the reference signal
components correspond to sinusoid signal components of the
discrete reference signal.

4. The method of claim 1 wherein the reference signal
comprises a digital watermark signal, and the suspect image
signal comprises a host signal into which the digital water-
mark signal is embedded.

5. The method of claim 1 providing a seed set of linear
transform candidates, including the transform candidate, the
set comprising a sparse set of uniformly distributed transform
parameters, determining the measure of correlation for each
of the candidates in the set, and selecting one more of the
linear candidates for refinement based on the measure of
correlation.

6. The method of claim 5 wherein the sparse set is selected
by uniformly varying a subset of a finite set of transform
parameters, while keeping remaining transform parameters
in the finite set as constants.

7. The method of claim 5 computing a first set of transform
candidates, and then computing refined transform candidates
by selecting at least a first cluster of linear transform candi-
dates based on similarity among the first set of candidates.

8. The method of claim 7 wherein candidate linear trans-
forms in the first cluster of linear transform candidates are
combined to provide a refined linear transform candidate.

9. The method of claim 8 wherein the candidates are com-
bined by weighting the candidates as a function of correlation
strength of the candidates, and correlation strength includes a
measure of phase correlation.

10. The method of claim 1 wherein the acts of applying a
transform, computing a measure of correlation, determining
updated locations, and determining a refined linear transform
are performed in digital logic circuitry.

11. The method of claim 1 wherein the acts of applying a
transform, computing a measure of correlation, determining
updated locations, and determining a refined linear transform
are performed in a programmed processor.

12. A non-transitory computer readable medium, on which
is stored instructions, which, when executed by one or more
processors, perform a method of computing a transformation
between a discrete reference signal with a suspect image
signal, the discrete reference signal comprising reference sig-
nal components, and the discrete reference signal, and sus-
pect image signal being represented as digital, electronic
signals in an electronic memory, the method comprising:

executing a programmed processor to apply a transform

according to a transform candidate to determine loca-
tions of the reference signal components within the sus-
pect image signal;

executing a programmed processor to computing a mea-

sure of correlation between the reference signal compo-
nents and the suspect image signal in the electronic
memory when the transform is applied, and based on the
measure of correlation, determining whether to update
locations of the reference signal components within the
suspect image signal;
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executing a programmed processor to determine updated

locations of the reference signal components within

regions around the locations of the reference signal com-
ponents within the suspect image signal based on values
of the suspect image signal in the regions; and

executing a programmed processor to determine a refined
linear transform that provides a least squares fit between
reference signal component locations and the updated
locations.

13. A device comprising:

a memory on which is stored a suspect image signal rep-

resentation; and

aprogrammed processor or digital logic circuitry, compris-

ing:

a transform module for applying a linear transform can-
didate to determine locations of reference signal com-
ponents of a reference signal within the suspect image
signal representation;

a correlation module for determining a measure of cor-
relation between the reference signal and the suspect
image signal representation when the linear transform
candidate is applied, the measure of correlation being
used in the device to indicate whether to update loca-
tions of the reference signal components;

a coordinate update module for determining updated
locations of reference signal components within
regions around the locations of the reference signal
components within the suspect image signal repre-
sentation based on values of the suspect image signal
representation in the regions; and

aleast squares calculator for determining a refined linear
transform that provides a least squares fit between
reference signal component locations and updated
locations determined by the coordinate update mod-
ule.

14. The device of claim 13 wherein the linear transform
module is configured to transform reference signal compo-
nents into a coordinate space of the suspect image signal
representation according to the linear transform candidate.

15. The device of claim 14 wherein the correlation module
uses transformed reference signal components from the trans-
form module to determine regions in the suspect image signal
to compute the measure of correlation, and the measure of
correlation includes a phase correlation metric.

16. A method of computing a transformation between a
discrete reference signal with a suspect image signal, the
method comprising:

providing a set of feature locations representing the dis-

crete reference signal, and providing a seed set of initial
transform parameters, wherein the feature locations,
suspect image signal and transform parameters are rep-
resented as digital, electronic signals in an electronic
memory,

with digital logic circuitry or a programmed processor,

applying selected initial transform parameters of the

seed set to align the feature locations of the discrete
reference signal and corresponding feature locations in
the suspect image signal, computing a least squares
minimization that finds linear transform candidates that
minimize error when the linear transform candidates are
used to align the feature locations of the discrete refer-
ence signal and corresponding feature locations in the
suspect image signal, including computing a measure of
correlation between the discrete reference signal and the
suspect image signal at the feature locations of the dis-
crete reference signal and corresponding feature loca-
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tions in the suspect image signal corresponding to the
linear transform candidates; and

with digital logic circuitry or a programmed processor,

evaluating the linear transform candidates to identify a
subset of the candidates representing refined estimates
of linear transform candidates;

wherein the seed set comprises a sparse set of uniformly

distributed transform parameters.

17. The method of claim 16 wherein the sparse set is
selected by uniformly varying a subset of a finite set of trans-
form parameters, while keeping remaining transform param-
eters in the finite set as constants.

18. The method of claim 16 wherein computing the refined
estimates includes selecting at least a first cluster of linear
transform candidates based on similarity among the candi-
dates.

19. The method of claim 18 wherein candidate linear trans-
forms in the first cluster of linear transform candidates are
combined to provide a refined linear transform candidate.

20. The method of claim 19 wherein the candidates are
combined by weighting the candidates as a function of cor-
relation strength of the candidates.

21. The method of claim 20 wherein the correlation
strength includes a measure of phase correlation.

22. The method of claim 16 wherein the acts of applying
selected initial transform parameters, computing a least
squares minimization, computing a measure of correlation,
and evaluating the linear transform candidates are performed
in digital logic circuitry.

23. The method of claim 16 wherein the acts of applying
selected initial transform parameters, computing a least
squares minimization, computing a measure of correlation,
and evaluating the linear transform candidates are performed
in a programmed processor.

24. An apparatus for determining a transformation between
a discrete reference signal and a suspect image signal, the
apparatus comprising:

electronic memory for storing a set of reference signal

components representing the discrete reference signal,
and a transform candidate;

means for applying a transform according to the transform

candidate to determine locations of the reference signal
components within the suspect image signal;

means for computing a measure of correlation between the

reference signal components and the suspect image sig-
nal in the electronic memory when the transform is
applied;

means for determining whether to update locations of the

reference signal components within the suspect image
signal based on the measure of correlation;

means for determining updated locations of the reference

signal components within regions around the locations
of the reference signal components within the suspect
image signal based on values of the suspect image signal
in the regions; and

means for determining a refined transform that provides a

least squares fit between reference signal component
locations and the updated locations.

25. The apparatus of claim 24 wherein the reference signal
components correspond to peaks in the discrete reference
signal.

26. The apparatus of claim 24 wherein the reference signal
components correspond to sinusoid signal components of the
discrete reference signal.
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27. The apparatus of claim 24 wherein the reference signal
comprises a digital watermark signal, and the suspect image
signal comprises a host signal into which the digital water-
mark signal is embedded.

28. The apparatus of claim 24 further comprising:

electronic memory for storing a seed set of linear transform

candidates, including the transform candidate, the set
comprising a sparse set of uniformly distributed trans-
form parameters;

means for determining the measure of correlation for each

of'the candidates in the set, and selecting one more of the
linear candidates for refinement based on the measure of
correlation.

29. The apparatus of claim 28 comprising:

means for selecting the sparse set by uniformly varying a

subset of a finite set of transform parameters, while
keeping remaining transform parameters in the finite set
as constants.

24
30. The apparatus of claim 28 comprising:
means for obtaining a first set of transform candidates, and

means for selecting at least a first cluster of linear transform
candidates based on similarity among the first set of
transform candidates to obtain a refined linear transform
candidate.

31. The apparatus of claim 30 wherein the means for com-
puting refined candidates includes means for combining can-

10 didate linear transforms in the first cluster of linear transform

candidates to provide the refined linear transform candidate.

32. The apparatus of claim 31 wherein the means for com-
bining combines candidate linear transforms by weighting
the candidates as a function of correlation strength of the

15 candidates, and correlation strength includes a measure of

phase correlation.



